Tissue morphogenesis is driven by multiple mechanisms. This study proposes a methodology to identify regions in the developing tissue, where each of the regions has distinctive cellular dynamics and deformation.
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(1) (2) (3) is to the time evolution of this tissue deformation rate; and the third application is to 40 the time evolution of all cellular processes and their contribution to the local tissue de-41 formation. Obtained sub-regions showed distinctive patterns of deformation and cellular 42 processes with higher homogeneity than those along tissue axes. Interestingly, the tissue 43 segmentations based on the local tissue deformation rate and on the cellular processes 44 included some similar regions, suggesting that the cellular processes were regulated sim-45 ilarly inside the regions, therefore resulting in homogeneous tissue deformations inside 46 those regions. Given a set of objects, collecting similar objects to divide them into groups is gener-56 ally a task of cluster analysis. However, the cell patches distribute in the property space 57 and geometrical space. On the assumption that expression patterns of genes responsible 58 for morphogenesis make connected regions, and to study physical interactions between 59 the regions, we aimed at getting connected regions. The initial tissue segmentation first 60 defines a metric of similarity between cells, and then a tissue is divided into regions 61 containing similar cells. The image segmentation tool, called region growing [Adams 62 and Bischof, 1994 , Ma et al., 2010 ( Fig. 2A) , was inspired by a study segmenting mouse 63 heart based on cell polarity [Le Garrec et al., 2013] . To validate the algorithm, we first tested segmentation on a simple example, namely 65 the change in cell patch areas from 12 to 32 hr APF (Fig. 2B) we compared it with the average silhouette of randomly made control segmentations.
80
Some of the region growing results had a low silhouette, even lower than that of half of 81 the control segmentations ( Fig. 2C ), which means they were lacking any signification.
82
A tissue segmentation method should return a unique result so that it could be com-83 pared with gene expression patterns or fed forward to a study of mechanical interactions 84 between regions, but the region growing algorithm returned multiple results. The label propagation on a consensus matrix converted multiple tissue segmentations 96 into a weighted graph where weight of an edge represented a frequency of segmentations 97 in which incident vertices (points) belonged to the same region (Fig. 3A) . Then labels on 98 the vertices were propagated according to the weight so that the same label was assigned 99 to points which were frequently included in the same region among the given multiple 100 region growing segmentations.
101
The label propagation returned results similar to the region growing segmentations 102 ( Fig. 2B, 3B ). Also, the label propagation results were more similar to each other than 103 results of region growing, assessed with adjusted Rand indices (ARI), a measurement 104 of similarity between two partitions (ARI of identical partitions would be 1). ARI were 105 0.50 ± 0.21 among the results of the region growing and 0.97 ± 0.02 among the results of 106 the label propagation. They showed similar average silhouette values, similar to median 107 of those of region growing results, but smaller than the highest value of those of region 108 growing (Fig. 3C ). The average silhouette of the label propagation result was higher 109 than those of 99.95% of the randomly made control segmentations.
110
However, the label propagation algorithm does not assure the connectedness of re-111 gions ( Fig. 3C lower panels) . Also, contour of regions may be complex (data not shown). and an e↵ective contribution of cellular process, which represents how much the cellular 134 process contributes to the tissue deformation. They are scalar value and denoted by G // 135 for the deformation rate, D // for cell division, R // for cell rearrangement, S // for cell shape 136 change, and A // for cell delamination (see appendix). For the sake of clarity, we call the 137 tissue deformation rate and the cellular processes averaged over the whole 20 hr from 12 138 to 32 hr APF time-average tissue deformation rate and cellular processes.
139
The e↵ective contributions averaged over the whole tissue showed dynamic time larger than those between plots in the large grid (0.44 ± 0.14) (Fig. S3 ). This result 219 demonstrates that cellular processes in the obtained segmentations were more distinctive 220 than those in the conventional grid. pecially, the large anterior region showed high homogeneity of deformation rate and the 254 18 two posterior subregions showed high homogeneity of cellular processes.
255
In conclusion, we built a method to divide a tissue based on any kind of property 256 space. This allows an application to a study of spatial regulation of various processes,
257
where the property space should be chosen for the process of interest. For example,
258
to study a spatial regulation of cell division orientation, the property space may be 259 prepared from, instead of the local deformation rate and cellular processes, the tensor µm width) at the first frame (Fig. 1C) , 12 hr after pupa formation (APF). The local 277 deformation rate and the cellular processes were measured in each cell patch through 278 the development, as follows.
279
Epithelial cells contours were detected automatically using watershed algorithm, the In a collection of cells where the total deformation is driven completely by the four 289 fundamental cellular processes, the tensors are in a balance equation,
The scalar product of two tensors Q and Q 0 in dimension d is defined as:
and the unitary tensor u G that is aligned with G is given by
Since the scalar product (Eqn. 2) is a linear transformation, multiplying u G by a tensor, the operation .u G : Q ! Q // , retains the balance between the tissue deformation rate and the cellular processes in Equation 1 while converting them to magnitudes:
The scalar G // represents the local magnitude of tissue morphogenesis, and D // , R // , 293 S // , and A // represent the e↵ective contributions of the cellular processes to the tissue 294 morphogenesis. When a cellular process produces an anisotropic deformation in the 295 20 same direction with that of tissue, e.g. cells divided in the same direction with tissue 296 elongation, the scalar product between the them returns a positive value, while it returns 297 negative value when a cellular process counteractes tissue deformation. Similarity of morphogenesis between the cell patches was defined as follows.
300
For expansion/contraction of area (isotropic deformation), similarity was given by 301 di↵erence in expansion/contraction rates.
302
Similarity of anisotropic deformation was given by a distance between two tensors Q 303 and Q',
For tensors with time-evolution Q(t) and Q'(t), distance was given by a sum of 305 distance at each time point,
as an analogy to L 1 -norm between functions.
307
For the composition of cellular processes, the tensors of cellular processes were con-308 verted to e↵ective contributions and combined into a vector (G // , D // , R // , S // , A // ). A 309 distance between two vectors was given by L 2 -norm, and a distance between vector-310 valued functions v(t) and v 0 (t) was given by an integral of the L 2 -norm between v(t) and 
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where a(p) is an average distance from p to other objects in the same cluster, and b(p) 317 is the smallest average distance from p to all objects in any other clusters. By this 318 definition, 1  s(p)  1, where s(p) large and close to 1 indicates that p is similar 319 to other objects in the same cluster, while negative s(p) indicates that there is another 320 cluster whose objects are more similar to p than objects in the cluster containing p.
321
We took the average silhouette value over all points (cell patches) as a measurement 322 of homogeneity of a given segmentation. For significance test, tissue was segmented ran-323 domly 20,000 times into a given number, and we got thresholds above which the highest 324 5%, 0.5%, or 0.005% of the average silhouettes were found. 
where a i = P j n ij and b j = 
The adjusted Rand index ARI (A, B) is given by the function The pipeline was implemented by custom Matlab scripts, in three steps (Fig. 1C ). The initial tissue segmentation first defines a metric of similarity between cells, and then 344 a tissue is divided into regions containing similar cells. This approach was inspired by a 345 study segmenting mouse heart based on cell polarity [Le Garrec et al., 2013] . Testing k-346 means clustering in the property space returned disconnected regions in the geometrical 347 space (data not shown). On the assumption that expression patterns of genes responsible 348 for morphogenesis make connected regions, and to study physical interactions between 349 the regions, we aimed at getting connected regions.
350
The algorithm Region growing [Adams and Bischof, 1994, Ma et al., 2010] is an 351 image segmentation method using a process similar to k-means clustering, starting from 352 randomly given seeds (corresponding to "means" in k-means clustering), segmenting an 353 image with the seeds followed by update of the seeds within the regions, and iterating this 354 process until convergence ( Fig. 2A) . The tissue segmentation is done by growing regions 355 from the seeds collecting pixels adjacent to the growing regions, and so the resultant 356 regions are connected.
357
Initial seeds were randomly chosen from data, and regions were expanded by adding in the property space one by one until all pixels were assigned to one of the regions.
360
The seeds were updated to pixels the closest to centroids of the regions, averages of 361 the regions in the property space were given as property of the seeds, and then regions 362 were expanded again from the seeds. These region expansions and seeds updates were 363 iterated until convergence was reached. and Fortunato, 2012 , Raghavan et al., 2007 .
369
For a division of n points, independent 50 trials of region growing were converted 370 to a consensus matrix, whose entry at i-th row and j-th column indicates a frequency 371 of partitions in which i-th point and j-th point were in the same cluster. The entries 372 lower than a given threshold were set to 0. 
